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Abstract: Occupant behaviors are one of the most dominant factors that influence building energy
use. Understanding the influences from building occupants can promote the development of energy–
efficient buildings. This paper quantifies the impact of different occupant behavior information on
building energy model (BEM) from multiple perspectives. For this purpose, an occupant behavior
model that uses agent–based modeling (ABM) approach is implemented via co-simulation with a
BEM of an existing commercial building. Then, actual occupant behavior data in correspondence
to ABM output, including operations on window, door, and blinds in selected thermal zones of the
building are recorded using survey logs. A simulation experiment is conducted by creating three
BEMs with constant, actual, and modeled occupant behavioral inputs. The analysis of the simulation
results among these scenarios helps us gain an in–depth understanding of how occupant behaviors
influence building performance. This study aims to facilitate robust building design and operation
with human–in–the–loop system optimization.
Keywords: building performance simulation; occupant behavior modeling; on–site survey; co-
simulation; mutual impact quantification
1. Introduction
Building energy efficiency attracts enormous attention from industry and academia.
Buildings take up more than one third of the world’s total energy use [1]. In the United
States, increasing building energy demands resulted in a 60% growth in electricity gener-
ation in the past 30 years, making the US the second largest electricity consumer in the
world [2]. Needless to say, there is a great potential to reduce greenhouse gas emissions
and pursue the ultimate goal of sustainability by improving building energy performance.
Building energy modeling (BEM) is one of the most effective paths to enable an energy–
efficient built environment, which assists in both the design and operation phases of a
building. A valid simulation model makes it convenient for users to assess building energy
performance, identify system control strategies, and explore opportunities for occupant
comfort enhancement [3]. In current BEM approaches, a wide range of factors associated
with building energy use can be captured and simulated, such as: (1) climate, (2) building
characteristics and material properties, (3) building service systems and user-related op-
eration, (4) economic factors, (5) indoor environmental quality and other criteria, and (6)
occupant behavior and activities [4,5]. However, as potentially one of the most significant
factors for building energy use, occupant behaviors are often neglected or mis–estimated in
most BEMs, which result in shortcomings including simulation accuracy and functionality
limitations [5,6]. The most common method for representing occupant behaviors in BEM is
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to use a representative or unified profile based on surveys or observations from occupants
in similar buildings, which are usually defined by organizations such as ASHRAE [7]. In
reality, not only do occupants dynamically interact with building components and systems,
but each individual may also act and react differently within a building. This issue is one
of the main reasons that leads to a gap between predicted and measured building energy
consumption [8]. Studies have indicated that the discrepancy can be as large as 30% [9].
Consequently, researchers have modeled building occupant behaviors for the purpose
of providing more comprehensive information for building design and operation [10,11].
Related studies started by tracking occupant presence/absence status and the number of
occupants in rooms or buildings [12–14], which is referred to as “occupancy” informa-
tion. However, occupancy is passive data and is less complicated to model in contrast
to active behaviors of occupants in the building. Occupant behaviors are related to more
elements and thus are more complex in terms of the format and context. For instance,
occupant behaviors can be divided into interactions with the building (e.g., open/close
window, adjust lighting) and personal activities (e.g., walking, sitting, reading) with re-
gards to behavior types. In addition, occupants have different behavioral patterns within
different building types, such as commercial and residential buildings. Accordingly, var-
ious modeling approaches have been proposed to understand occupant behaviors from
diverse perspectives [15].
Since the primary goal of studying occupant behaviors in the context of the built
environment is to implement more energy–efficient buildings, it is necessary to investigate
the impact brought by building occupants to its overall performance. Generally, there are
two approaches, i.e., using measured and observed data, or building simulation models.
On one hand, several studies focused on monitoring electricity use and thus derived
behavioral patterns based on the usage of certain appliances or equipment to analyze
how occupants affect energy use [16,17]. On the other hand, more researchers tend to
use building energy models to virtually evaluate the influence. In [18], the researchers
implemented a few occupant behavior models from the literature using a building energy
modeling tool—EnergyPlus™ [19], to compare the effect and practicality of those models.
It was found that model predictions vary significantly from one model to another. Recently,
it was identified that the generality, flexibility, and interpretability and comprehensiveness
of simulation outputs can be improved through a seamless integration of a robust occupant
behavior model to existing building simulation tools [20]. An active information exchange
system increases the capability of quantifying the impact of occupant behaviors. This
can help system optimization and update according to occupant needs and preferences
inferred through behavior pattern analysis or encourage behavior modification based on
sensitivity analysis.
This paper presents a study that combines both observed data and simulation model
for occupant behaviors as separate scenarios, in order to assess the impact on building
performance of different occupant behaviors profiles. In this paper, the scope of occupant
behaviors is defined as interactions with windows, doors, and window blinds. Only single–
occupancy offices are used as test bed spaces. A BEM is developed with a common building
simulation tool, EnergyPlus™, based on an actual educational building. Then, an occupant
behavior model using an agent–based modeling (ABM) approach in a human behavior
modeling platform is applied in a co-simulation framework with the BEM. The occupant
behavior model mimics how occupants adapt to the surrounding building components
under changing ambient conditions [21]. In addition, an on–site survey is conducted to
collect actual behavioral records of selected building occupants, as another source of input
for the BEM. Finally, a simulation experiment with three scenarios is conducted to compare
the building energy simulation results within the behavior data collection period. The
proposed research method can also be expanded to other behaviors or building types.
A preliminary study of the authors [22] was conducted to understand the interactivity
of the ABM and EnergyPlus™. In this paper, we expanded the simulation scenarios and
focused on how different occupant behaviors input influence building performance from
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two aspects: building energy use, and occupants’ comfort level. The implementation
of the co-simulation function is also described in detail for feasibility discussion of the
ABM platform.
This paper’s contribution is two–fold: first, the simulation experiment quantifies the
mutual impact of building and its occupants, under multiple behavioral input using the
same test bed, essentially enabling the test bed to plan energy conservation measures
(ECM); and second, the findings of this study reveal potential development areas and open
up avenues for future enhancement of BEM tools.
2. Related Research
Integrating occupant behavior information with BEMs will be able to quantitatively
describe the influences of occupant behaviors on building performance [23–26]. Addi-
tionally, the information has the potential to diminish the discrepancy between measured
and simulated energy consumption in buildings. A common method to compare impact
of different behavior patterns in simulation tools is to pre–define multiple categories of
occupants in terms of their behavioral attitude towards building energy use and use specific
features to characterize these generic occupant categories. Sun and Hong [27] presented
a framework to evaluate the energy saving potentials of energy conservation measures
based on three occupant behavior styles. Specifically, austerity, normal, and wasteful styles
were defined to represent the proactive energy savers, average occupants, and energy
spenders. To distinguish these styles, seven parameters with each related to one behavior
were used. With several energy conservation measures being introduced in the building
energy model, guidance can be provided to interpret corresponding energy conservation
measures savings to support future decision making. Similarly, Peng et al. [28] generalized
human behaviors in residential buildings into time related, environmentally related, and
random modes. They described three typical lifestyles in China in terms of energy use
habits, and only compared their differences with air conditioning (AC) usage conditions.
Simulation results for four days showed an obvious difference in AC operation sched-
ules, indoor temperature fluctuations, and household load, etc. Azar and Menassa [29]
developed an occupant behavior model to study the interactions among occupants. They
assumed that high energy consumers and medium energy consumers will eventually turn
into low energy consumers, given events of energy conservation training and individual
preaching. To quantify the impact of occupants on energy use, window blind position,
lighting and equipment schedules, and water consumption were selected to reflect three
types of occupants. The study found a gradual drop over a three-year simulation in a
box–shape building. Wang and Greenberg [30] specifically focused on window operation
behavior and the impact on indoor environment and building energy consumption. A
medium–size office building consisting of 15 thermal zones was used as the BEM prototype.
Four simulation scenarios with different control strategies for window operation and re-
lated parameters were created using the energy management feature in EnergyPlus™. The
results of that research highlighted observable heating, ventilation, and air conditioning
(HVAC) energy savings with a mixed–mode ventilation.
It can be noted that the majority of the previous research that attempted to study the
impact of occupant behavior information in a BEM used pre–defined behavior patterns
before simulating building performance. Although this approach can provide valuable
information about the impact of occupant behaviors on building performance and promote
better design decisions, it suffers from some disadvantages. For one, the assumed behavior
types may not represent the occupants holistically, and the classification method could
be subjective and generalized for obtaining reliable and convincing results. Furthermore,
as occupants behave dynamically in the building, these pre–defined settings always stay
constant during the simulation process, which deviate from the reality significantly. To
address this issue, some studies applied empirically developed models to BEM for a
more dynamic behavior information input. Gilani et al. [31] adopted three probabilistic
occupant models derived from other researchers’ studies about occupancy, light switch,
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and window blind use and implemented them in the energy management system (EMS)
feature of EnergyPlus™. As the behavior probability changes with the update of relevant
environmental factors, the simulated results can improve when compared to the actual data.
In [32], the objective behaviors included both window opening and thermostat adjustment,
and the occupant behavior model implemented in the BEM was based on a multiple logistic
regression model with statistical data of 15 buildings over eight months. In general, this
method was considered more dynamic as opposed to a static setting throughout the whole
simulation process but was less transferable to other building models as the statistical
coefficients rely on the particular data collection target.
In recent years, a more advanced technique, namely co-simulation, was used to com-
bine BEM with an independent occupant behavior model. co-simulation increases the
model flexibility, but the approach is not yet sophisticated, since only a few researchers
applied this method for the research topic. One example is from Lee and Malkawi [33],
wherein the researchers integrated an ABM programmed in MATLAB with EnergyPlus™.
In a similar way, Langevin et al. [20] paired a model of occupants’ thermal comfort and
adaptive behaviors with whole building energy simulation of office buildings, and ex-
amined the simulation results from the energy, indoor environmental quality, and cost
perspectives. However, these two studies narrowly focused on the thermal condition as
the trigger mechanism for the modeled behaviors. Hong et al. [34] and Chen et al. [35]
considered a relatively comprehensive scenario in which different environmental indi-
cators were involved. They developed an ABM named obFMU that could simulate the
presence, movement, and interaction with building equipment of each occupant. obFMU
uses the Functional Mock–up Interface (FMI) of EnergyPlus™ for co-simulation purpose
instead of using a separate tool. Yet, the studies of obFMU focused on the simulation
functioning implementation and application testing, rather than behavior impact analysis
for the building performance.
Although co-simulation can be a feasible solution for improving building energy
simulation, the performance largely depends on the occupant behavior model. In most
cases, the behavior model and BEM often relied on simulations rather than actual data
input. This, on one hand, is inevitable as building simulation models were usually used
during the design process, and therefore the actual occupant behaviors are unknown.
Andrews et al. [36] generated synthetic population data with the combination of three
data sets from different sources in field surveys and stated that the combined data inherits
characteristics of all the field data sets which satisfied the needs of the associated modeling
framework. However, on the other hand, using actual occupant behavior information of
an existing building in a BEM may help optimize operation and control for the building,
and yield more thorough and holistic understanding of building occupants for future
building design. The study of Blight and Coley [37] applied realistic data relevant to
occupancy, lighting, and appliance use in a BEM, and established a regression equation to
test the impact of behavioral variables on space heating demand. The researchers found
the buildings in their experiment were less sensitive to behavior than anticipated.
In summary, a systematic approach to incorporating occupant behavior information
in a BEM to comprehensively investigate the impact of occupants is still a critical need.
To the best of the authors’ knowledge, this paper is the first–ever attempt to combine and
compare a simulation–based occupant behavior model and actual behavior record as two
data sources for input in a BEM based on a realistic building. The paper also compared
results among multiple zones (occupants) to seek individual differences from both the
building’s and occupants’ perspectives.
3. Methods
This section briefly discusses the development of the occupant behavior model and
acquisition of actual behavior records, followed by detailed methods of using the two
sources of occupant behavior information in a BEM as a simulation case study.
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3.1. Overview of ABM–Based Occupant Behavior Model
An agent–based modeling approach was adopted to mimic building users’ behavior
patterns under certain indoor and outdoor conditions [21]. The building occupant was
virtualized in a human behavior modeling platform that considers the external context
and internal value systems of the agent. Specifically, for office buildings, the surrounding
environmental conditions have been recognized by many researchers as the main stimulus
that results in behavior adaptations. An overview of the ABM development scheme is
depicted in Figure 1, where the three elements for an ABM are projected to the context
of commercial buildings. On one hand, a series of environmental variables that can be
perceived by the agent were created as model inputs, as well as supporting parameters such
as comfortable ranges. These environment indicators directly influence certain perceptions
of agents including thermal, visual, and air quality comfort. On the other hand, related cog-
nitive value senses and the agent’s innate properties are, in turn, aroused by the perceptions
that are associated with input values, thus activating the available behavior options for
the agent to adapt to the ambient conditions. Finally, the output of the ABM is the agent’s
decision on which behavior to take at the given time step. The modeled behavior options
are aligned with reality of the test bed building in this paper. According to the observation
and interviews with building occupants, three behaviors, namely interactions with win-
dows, doors, and blinds were modeled, due to the fact that most of the studied occupants
have access to these building components while other available behavior options are not
common and not shared by the population. In addition, interactions or communications
between different occupants were not included in the model as the research scope is limited
to single–occupancy offices. Since the focus of this paper is not on the development and
characteristics of the occupant behavior model, details are available in [21] for reference.
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Figure 1. Instantiation of a general agent–based modeling (ABM) in the context of the built environment.
The ABM was developed in a unique human behavior modeling platform—PMFserv [38].
The major novelty of the ABM is the consideration of different perceptual types, as well
as the value systems of human. The ABM executes on a time–step basis (15-min in this
case) for the purpose of integration with EnergyPlus™. The application of the ABM was
imp emented in co-simulation framework at the zone level, which i discussed in Section 3.3.
3.2. Behavioral Record Acquisition Methods
In order to have a comprehensive understanding of the impact brought by occupant
behaviors, a paper–based survey was conducted to record the actual behavior data related
to the studied building components. A survey sheet was designed in tabular form, with
the row filled with time stamps of 15 min from 8:00 a.m. to 5:00 p.m. for one day, and
column information associated with the status (e.g., open or closed) of the three building
components. For the data collection period, the occupants in the experiment were asked
to manually mark the corresponding box when a behavior occurs at a certain time stamp,
for the days they are staying in the office for more than 15 min. The occupants were
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also allowed to provide more information in the sheet, such as the times when they are
absent from the office, or overtime working hours beyond the given time frame. It is
noted that the time granularity degree was determined based on two aspects. First, a
15-min interval can sufficiently cover the frequency that occupants generally operate on the
building components; second, the information can be directly imported into EnergyPlus™
as external data input, and the impact of the behavior changes can be captured for four
time steps an hour. Moreover, the survey design of one sheet per day was considered as a
concise and clear format for manual recording of events.
The behavior record acquisition was performed in the same test bed building on which
the ABM is based, an educational building in the University of Florida campus, Gainesville,
Florida, USA. Five faculty offices situated at the third level of the building were used for
data collection. The selection of occupants relied on a variety of aspects including gender
and age. Each occupant was given one month of survey sheets, and approximately four
weeks of behavior records were returned given the occupants’ schedules. All the occupants
recorded their behavior over the same experimental time period. To validate the reliability
of manually recorded behavior data, an off–the–shelf magnetic sensor system was installed
in one of the experiment rooms for window and door status measurement. The collected
data over the period showed a good matching result with paper–based survey in that room.
The behavior record was not only used for the simulation study, but also for a valida-
tion study of the ABM. Over the same time period, each office in the study was equipped
with a smart sensor node with several environmental sensors to collect relevant ambient
data. The environmental data served as input for the ABM, and the simulation outcome of
the ABM was systematically compared with actual behavior record to examine the ABM’s
performance in predicting behaviors. The reader is referred to [21] for details on the ABM
validation study.
3.3. Co-Simulation Implementation
In office buildings, occupants tend to interact with accessible building components,
appliances, or systems to adapt to their working environment based on their comfort
perceptions [39,40]. As shown in Figure 1, a building and its occupants influence each other
mutually and dynamically. Hence, this mutual interaction must be reflected in the building
energy model to simulate a virtual environment that is closer to reality. Considering
the developed ABM as a valid black–box model that can provide occupant behavior
information to BEM, integration of the two models is necessary to realize the goal.
Similar to the co-simulation studies by other researchers but uniquely designed for
our platform, a framework between the ABM and BEM engine was implemented. The
integration process works as follows. At the starting point of the co-simulation, the BEM
created in EnergyPlus™, initializes all the necessary parameters, and runs simulation on
a time–step basis. At each time step, EnergyPlus™ calculates and outputs the zone–level
environmental conditions to the occupant behavior model (ABM created in PMFserv).
Meanwhile, user–defined occupancy status is also transmitted to the ABM. With the
updated information, the agent will perceive the level of comfort and make a decision
on what action to take that can satisfy his/her most urgent comfort needs, if the agent is
present in the room at the moment. The outcome generated in the zone is then transmitted
back to EnergyPlus™ as the input for the next time step, where corresponding schedule
settings are adjusted if needed to reflect the particular behavior change for the calculation
in the next time step. This procedure repeats as the two simulators exchange data at
each time step in a loop until the end of the simulation period. The entire workflow
runs automatically via a bridging program, namely the Building Control Virtual Test Bed
(BCVTB), with the time step defined by user. BCVTB is a software environment that allows
users to couple different simulation programs for co-simulation [41]. Figure 2 conceptually
illustrates the input and output exchange principle for the two simulation tools.
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Figure 2. co-simulation framework development in a conceptual view.
As shown in the co-simulation diagram, at the EnergyPlus™ interface port, the sched-
ul s of targeted building components need be manipu ated in certain fi ld f the engine to
represent a behavior change. Table 1 presents the field settings of behavioral adaptations
for the three building components. It is noted that the selected objects are among one
of the available parameters to reflect these behaviors, while more detailed modeling can
be implemented. In addition, in this research, the status of these modeled objects is only
defined in two od s, namely “open” or “closed”. In other words, the v lu s in the
schedule for each field are either “1” or “0”.
Table 1. Field settings in EnergyPlus™ for modeled behaviors.
Building Component Relevant Field in EnergyPlus™ Possible Impact
Window (open) ZoneInfiltration: EffectiveLeakageArea Air infiltration will increase; temperature movestowards the outside value
Door (open) ZoneCrossMixing Air infiltration between adjacent zones will occur;temperature may be slightly affected
Window blinds (close) WindowProperty:ShadingControl Block direct sunshine that leads to lower indoorillumination; influence heat transfer from outside
At the ABM interface port, the occupant behavior model takes seven input variables
from EnergyPlus™, including indoor and outdoor temperature and humidity, CO2 concen-
tration, illumination, and occupancy at the zone level, and then, outputs all the building
component status under the current c nditions in a vector form.
Finally, BCVTB connects the two simulation engines by establishing internal links to
both ends. When executing the co-simulation function, BCVTB allows arguments for both
simulators, which increases the flexibility of th fr m work. Differen models could be
loaded to the two simulation tools to enable co-simulation without the need of developing
a whole new structure in the bridging program. In Section 3.3.1, a specific data exchange
schema under this co-simulation architecture based on the case study building is described.
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3.3.1. co-simulation Data Exchange Schema
The co-simulation framework requires four main steps under the BCVTB virtual
environment. First, the variables to be exchanged between two simulation tools were
identified. For the ABM (PMFserv), seven input variables are needed that are output from
EnergyPlus™ at each simulation time step, as stated above. Therefore, corresponding or
equivalent output parameters in EnergyPlus™ were confirmed from the output list file.
For the BEM, field values in Table 1 would be updated based on the ABM output vector to
represent the operation of window, door, and blinds.
Next, EnergyPlus™ was configured for co-simulation. To activate the external interface
of EnergyPlus™, objects must be created and initiated with name and values to which
the external interface writes [42]. Details of this configuration are shown in Figure 3. The
schedule updates from the external interface were used in the objects and fields related to
the corresponding building components, which is similar to the survey–based simulation
scenario (see Section 3.4.1 for details).
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Third, an XML file was created that maps the data to be exchanged between En-
ergyPlus™ and PMFserv and specifies the order of the input/output signal vector. In
Appendix A Figure A1, sample code is shown for the XML file that describes the data ex-
change mechanism for one occupant. Then, a graphical model (Ptolemy II) was created in
the BCVTB graphical interface to establish a logical connection for the two simulators. Some
auxiliary modules were also created and connected for input/output format manipulation
and real–time results showing during the simulation process, as shown in Figure A2.
Finally, PMFserv must b configured to be called by BCVTB. An executable application
was developed based on the prot type model and simulation sce ario cr ated in t e graph-
ical interface of PMFserv. To comply with the input/output format with EnergyPlus™,
the application was configured to receive the environment and occupancy data from En-
ergyPlus™ and feed the values to corresponding parameters in the “Built_Environment”
object in PMFserv (Table 2). After the internal calculation of the utility of each behavior
option, the application updates the status of the three building components according to
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the behavior decision at each time step and outputs a vector consisting of the current status
that is returned to EnergyPlus™ for the next simulation time step.
Table 2. Parameters defined in the ABM for model input and output as information arguments.
Name (Input/Output) Variable Type Value (Initial Setting, Update at EachTime Step)
Blinds_Status (Output) Boolean True
Door_Status (Output) Boolean False
Window_Status (Output) Boolean False
CO2_Density (Input) Number 500 (unit: ppm)
Humidity_Indoor_Pcnt (Input) Number 30 (unit: %)
Humidity_Outdoor_Pcnt (Input) Number 40 (unit: %)
Illumination (Input) Number 250 (unit: lux)
Occupancy (Input) Number 0.5
Temperature_Indoor (Input) Number 22 (unit: Celsius degree)
Temperature_Outdoor (Input) Number 21 (unit: Celsius degree)
After the configurations are completed, BCVTB can start the co-simulation process as
the manager. The simulation period and time step settings were defined in the bridging
program in correspondence with the same field values in EnergyPlus™.
3.4. Simulation Experiment Design
The co-simulation function is able to apply the occupant behavior model to provide
dynamic behavior information for building energy estimation. From a result–oriented
perspective, the supplementary information could potentially improve the simulation
performance, especially with the occupant behavior model being validated at certain extent.
However, the ABM may not fully represent the actual behavior patterns for all the building
occupants, and EnergyPlus™ may not be able to replicate the building and environmental
conditions. As a result, the application of the ABM, though validated in a certain form, does
not necessarily result in higher estimation accuracy for the BEM. Therefore, it is significant
to involve actual behavior records in the BEM as a gauge to evaluate the simulation results
as a whole. Besides, feeding different types of behavior information into EnergyPlus™ can
help understand and quantify the impact of occupant behaviors to building performance
simulation, so that corresponding energy conservation policy can be established.
To explore this idea, three scenarios were developed for building energy simula-
tion, namely default setting (Scenario #1), actual behavior setting (Scenario #2), and co-
simulation with ABM setting (Scenario #3) (Figure 4). For the default setting, all the
behavior–related parameters were set to default values and were static over the simu-
lation period; for the actual behavior setting, the original operation schedules of target
building components were replaced with survey data over the simulation period; for the
co-simulation with ABM, the occupant behavior model would be executing simulation
coupling with EnergyPlus™. The simulation period uses the same time period and time
of year as the survey data collection. The result comparison was decided to be mainly at
the room/zone level where the occupants in the experiment are located. The results at the
building level will also be presented. However, differences between scenarios are expected
to be relatively small at the whole building level. Particularly, it must be pointed out that
the energy simulation result of Scenario 2 (with actual behavior input) is not necessarily
equivalent to the actual energy use due to the complexity of energy consuming mechanism
of a real building. The simulation results of different scenarios above need to be compared
with actual building energy use in future research.
3.4.1. Detailed Settings of the Building Energy Model
The simulation case study used an existing building (Figure 1) as an experimental test
bed to increase the practicality of the research. The case study building has three stories
which is comprised of offices, classrooms, laboratories, and some student facilities. The
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building is supported with steel and the envelope is covered by composite wall panels
of aluminum which enclose exterior insulation and finish systems. The exterior glazing
(including windows, skylights, and external doors) adopts dual low–emissivity vertical
glazing technology for improved daylight utilization. The building has a central HVAC
system that contains two air–handling units (AHU) to serve 54 thermal zones from variable
air volume (VAV) boxes. A thermal zone usually covers several individual office rooms
residing next to each other. The faculty offices are located on the west side of the third
floor along a corridor (Figure 5), where each occupant has an individual office room. Each
office has an operable window and door, window blinds, and a light switch that controls
ceiling mounted direct/indirect T8 fixtures. The five offices selected for simulation study
are among the corridor of rooms, where room B to E have similar areas and thermal zone
distributions, and room A locates at the southwest corner with a slightly larger room area
and distinct thermal zone arrangement.
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The virtual model of the building was developed with EnergyPlus™. Basic settings
were identical to the actual conditions of the building, and the simulation period was
set to the same four weeks as t e survey period. Instead of using a typical EnergyPlus™
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weather file that provides historical statistical weather information, the weather data used
in the simulation experiment was acquired from [43], which contains the realistic weather
information for the designated location and time period. The weather data covers a full
year over two consecutive calendar years (from May 2017 to April 2018). The simulation
time step was set to 15 min, which is identical to the survey.
In addition to the default settings, the simulation scenario based on the survey data
was created. The raw survey results were translated into the EnergyPlus™ schedule format.
For each occupant, there are three separate schedule documents created for the targeted
building components. Following this manner, a separate IDF file (EnergyPlus™ input file
format) was created for each occupant with the building component operation schedules
being filled with the survey record.
After importing the schedule files in the IDF file, the corresponding parameters
information were updated to reflect behavior variations. The specific values for each field
of the key variables in EnergyPlus™ in the case study, are shown in Figure 6 for one of
the occupants. It is noted that for window blinds opening behavior, after creating a new
object shown in Figure 6c, the object was applied in the field of “Shading Control Name”
in “FenestrationSurface:Detailed” at the corresponding room location.
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The relevant settings of the ABM–based scenario are identical to the survey–based
scenario, except for the “Schedule Name” variable, where the survey–based scenario
uses the imported schedule files while the ABM–based scenario uses the dynamic input
with co-simulation.
4. Results and Analysis
Based on the simulation scenario designs, the three simulation scenarios defined in
Section 3.4 are compared in parallel. In particular, the schedule update process was carried
out for each occupant in five separate IDF files rather than a simultaneous execution,
considering the computational speed and a more specific comparison among different
individuals. This setting is applied to survey– and ABM–based scenarios respectively, with
each file representing the behavior information change of one occupant. The simulation
period was set from the end of February to end of March 2018 (28 days). The results are
explained in the following sections.
4.1. Energy Use and Cooling/Heating Demand Differences
Occupant behaviors influence the building performance in various aspects. The
involvement of behavior information directly causes variation on the building side such as
energy use and building system loads. Although the analysis focuses on the zone level,
differences at the building level for some factors can be observed.
Figure 7 shows the building–level energy use intensity (EUI, kWh/m2 per month)
comparison for the simulation period among five occupants’ behaviors, respectively. It
can be seen that an individual’s behaviors can cause whole building energy use varia-
tion differently. Since the simulation period is restricted to approximately a month, the
absolute difference for an annual energy consumption may be proportionately greater.
Moreover, even though the adjustment of windows, doors, and blinds are not direct energy–
consuming behaviors, their impact on total energy use are still observable, especially for the
ABM–based scenario. Specifically, for the survey–based scenario, all the occupants caused
a slight increase in the total energy use, except for occupant A; for the ABM–based scenario,
the energy use shows a descending trend when compared to default and survey–based
scenarios. Intuitively, the decreased energy use results can be partially explained by the
window opening behavior, as natural ventilation would lower the overall energy use with
the mitigated use of mechanically conditioned air. This was in fact reflected in the actual
(occupant A) and simulated behavior results, where operations on the window occurred
alternatively over the simulation period. However, it is also possible that the outdoor air
will increase the HVAC load for maintaining the set point, which may compensate for the
ventilation effect. Hence, more case studies should be conducted to explore the causality
of changes in energy use and specific occupant behaviors. In addition, the reduced EUI
under the ABM–based scenario indicates that energy saving could be achieved if adequate
energy–efficient occupant behavior is encouraged.
Besides the total energy use variation, the end use distribution also changed. In
Table 3, the end use differences at the building level among three simulation scenarios
are shown. In this table, it can be seen that the ABM–based scenario shows a larger
use of electricity comparing to the other two scenarios. One potential reasoning is that
the opening of windows and doors caused unintended flow of air from the external
environment, and therefore the fan electric consumption was increased to maintain a
balanced ventilation. Meanwhile, district cooling and heating use decreased in the ABM–
based scenario, probably due to the window operations that aided temperature adjustment
and the blind operation behavior that blocked external heat gain at the end of the day. The
survey–based scenario generally deviates less for the three end uses, except for occupant
A, who recorded more window and window blinds operation behaviors than others.
Apart from the comparison at the building level, selected parameters at the zone level
also show differences (Table 4). Among these energy–related parameters, zone air system
sensible heating and cooling energy report the heating or cooling delivered by the HVAC
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system to a zone. This does not always indicate the operation of heating or cooling coils,
as outside air can also be supplied for cooling or heating even if the coils are off [44]. The
results show that the survey–based scenario generates similar trends for cooling energy
and differences on heating energy. This is because most of the time the outside air was
warmer during the simulation period, which can contribute to zone heating. For the total
internal latent gain, although a slight deviation is observed, the percentage of difference is
subtle. It can be inferred that the behaviors that are not directly consuming energy will
only influence the internal gain from people and building equipment a limited amount.
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Figure 8 depicts the selected results of heat gain factors for the targeted spaces. Un-
expected results appear in the window heat addition and infiltration heat addition rows,
considering the seasonal effect of the simulation period. For window heat addition, the
occasionally closed window blinds could be a cause for blocking the heat energy from
the sun outside. For infiltration heat gain, the survey–based scenario is showing a slight
decrease for occupants C, D, and E. The possibilities may include no opening window
records for the occupants, and infiltration through zones kept stable and balanced under
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the same HVAC set point. However, despite how the values of these factors change, it
is clear that the heat gain factors will eventually influence the working conditions of the
entire facility, thus leads to building energy use and built environment variation under
different behavior patterns.
Table 4. Zone level energy–related data.
End Uses Occupant Default Survey-Based
ABM-
Based
Zone Air System Sensible Heating Energy
(kWh/m2)
A 0.22 2.62 1.21
B 0.22 0.22 2.03
C 0.22 0.27 2.77
D 0.22 0.27 2.25
E 0.22 0.27 2.98
Zone Air System Sensible Cooling Energy
(kWh/m2)
A 5.39 4.68 4.67
B 6.52 6.55 6.04
C 6.52 6.58 6.01
D 7.06 7.15 6.70
E 7.06 7.20 6.60
Zone Total Internal Latent Gain Energy
(kWh/m2)
A 0.82 0.76 0.77
B 0.75 0.75 0.72
C 0.75 0.76 0.74
D 0.73 0.73 0.71
E 0.73 0.73 0.72
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4.2. Occupant Comfort Level Differences
The interactions bet een occupants and building components also have an impact on
the building occupant side. One way to understand occupant’s comfort level is to examine
the Predicted Mean Vote Index (PMV) values within designated time period. Fanger’s PMV
stands as one of the most recognized thermal comfort models [45]. Fanger’s equations are
used t calculate the mean response of large group of people f r a c mbination of thermal
and metabolic conditions, accordi g to the ASHRAE thermal sensation scale, which is a
sev n–point sc le from −3 (cold) to +3 (hot), with the value of “0” being the neutral s se
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or the most ideal value. In EnergyPlus™, the PMV information is available to extract in the
“People” object. In this study, hourly PMV values were declared for the targeted thermal
zones of the building and aggregated for the simulation period. Table 5 summarizes the
average PMV values for each experiment zone where the occupant is situated respectively,
for the three simulation scenarios.
Table 5. Predicted Mean Vote Index (PMV) statistics for experiment occupants.
Average PMV Values Default Survey-Based ABM-Based
Occupant A −0.88 −0.95 −1.08
Occupant B −0.98 −0.98 −1.18
Occupant C −0.98 −0.97 −1.13
Occupant D −1.02 −1.01 −1.19
Occupant E −1.02 −1.00 −1.18
From the table, all the PMV values are below zero, and have a lower comfortable range
than as defined by ASHRAE. This complies with reality in that most permanent occupants
of the third floor of the case study building often express that the indoor temperature in
general is too cold. From the survey–based results, the PMV values were almost the same
as default or slightly closer to the neutral value, due to the fact that most occupants do
not operate on the window frequently, while window is the main building component for
thermal condition adjustment. The only exception is occupant A, who obtained a “colder”
PMV with the actual behavior inputs. One of the reasons can be that this occupant’s
behavior is not only driven by thermal comfort but air quality as well. Besides, factors that
are not modeled may also lead to occupant actions on the building components. Similarly,
for all ABM–based scenarios, the PMV values are moving away from the ideal value. This
is mainly because the ABM considers three perceptual types (thermal, air quality, and
visual perceptions) of the agent, while not limited to, the traditional models that only
focused on thermal sensation. This also demonstrates and calls for the need to include
different perceptions when using ABM for occupant behavior modeling in order to have
a thorough representation and understanding of how occupants interact with building.
Aside from the analysis of the ABM, other aspects can also be responsible for the results
above, for example:
The parameters settings and calculation algorithms for the criteria in Energy-
Plus™ does not fully reflect the actual impact of the targeted behaviors;
The environment setpoint is out of the range of actual occupant preferences, and
the comfort level based on ASHRAE does not conform to the actual needs of the
case study building occupants;
The environmental data simulated by EnergyPlus™ should also be considered as a
factor and must be fully validated for improved building performance simulation.
In general, the simulation outcome does not fully meet the anticipated result that
occupant comfort level will increase with behavioral information involved. Nevertheless,
the potential reasons given above provide guidance for further studies to explore the exact
causes of the outcome.
To provide a more specific view of PMV, Figures 9–11 display the PMV trends for
occupant A as an example during the simulation period, i.e., 672 h. For all other occupants,
the default and survey–based results show a parallel fluctuation with only magnitude
differences. For occupant A, although the general trend is similar, obvious differences can
be observed over certain time intervals. For example, the extreme value for default scenario
almost reached −3.5, while the survey–based scenario tends to have a more moderate value.
The average PMV in the survey–based scenario (Table 5) is lower because the positive
numbers have a generally descending tendency. However, it is noted that a lower positive
number indicates a more comfortable “warm” environment, which is the goal of ideal built
environment. On the other hand, according to the variance of hourly PMVs for occupant A,
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the default, survey–based, and ABM–based scenarios achieve the value of 0.763, 0.642, and
1.165, respectively. The survey–based scenario reveals a more stable indoor environment in
terms of thermal conditions.
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Figure 10. PMV fluctuation for occupant A in survey–based simulation scenario.
As for the ABM–based scenario, the variation is more significant compared to the
other two cases. The result is mainly due to the explanation previously given. It also
implies potential room for improvement in the occupant behavior model. Further research
needs to be conducted to ascertain the results and analysis of PMV trends in a meaningful
way, based on the preliminary study. Moreover, since the calculation of PMV requires
extra variables in addition to air temperature and humidity, uncertainties can be largely
involved and therefore the PMV values presented in the study are not the absolute or
definitive outcomes. In the case study, the related variables were modeled based on
ASHRAE standard and actual conditions of the testbed building and remained consistent
for different simulation scenarios.
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4.3 Sum ary
The simulation results reveal the mut al impact of building and its occupants quan-
tita ively. On the building side, to al energy use and energy use distribution variation
showed the estimated amount tha zone level occupant behaviors influe ce building energy
use. Although the differences are not obvious, c n idering there are 54 thermal zones i
total, the comparative discrepancy could be more sign ficant. Thus, the corresponding
load esign for mechanical systems must be adjusted accordingly. On the occupant side,
the adaptation to the indoor environment results in the comfort level change. However,
thermal comfort is not the sole perception for a typical occupant working in the office
environment. There is a ee t i l e other comfort indices pertinent to air quality
and visual comfort for a more comprehensive understanding of building performance.
Additionally, extended research needs to be conducted to verify and examine the potential
explanation for the lo er average P V value.
With respect to comparison among different simulation scenarios, a com on phe-
nomenon from the result is that survey–based scenarios tend to be closer to the default
scenario, except for occupant A, while ABM–based scenarios deviate more for all the pre-
sented results. According to the survey record and individual interview with the occupants
in the experiment, most occupants seldom operate the three building components unless
special cases arise and therefore the components have a rather stable pattern, either because
they are mostly satisfied with the environment, or they have particular preferences and
habits. For the ABM, the agent is regulated by certain rules, which in this research, are
bounded by the ambient conditions within which they reside. Moreover, each person may
behave differently according to his/her own situation. Hence, the ABM does not replicate
different individual’s behavior patterns, while focuses more on representing a generic
form. Considering a validation study was performed for the ABM in the same test building
and putting aside the validity of the assumption basis of the ABM, two reasons can be
attributed to the simulation results. First, the environment data output from EnergyPlus™
may not be accurate in contrast to the actual environment. Second, the comfortable range
used for the ABM does not fit in each individual’s desire. However, the limitation of the
ABM itself cannot be ignored, which is further discussed in Section 5.
Through the analysis, the impact of occupant behaviors among individuals to build-
ing performance simulation is assessed. The comparison across different occupants and
simulation scenarios reveals the existing research questions that need to be addressed by
both modeling tool developers and practitioners, which include but are not limited to:
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Additional parameters could be developed to explicitly reflect the effect of typical
occupant behaviors in building energy modeling;
Corresponding occupant comfort indices for perceptions other than thermal
comfort (i.e., PMV) should be involved more in building performance evaluation;
Factors that are not directly related to the built environment (e.g., time, season,
etc.) should also be considered in occupant behavior modeling.
5. Discussion
The significance of the simulation experiment focused on the impact analysis of differ-
ent occupant behavior inputs to building performance, rather than improving estimation
accuracy for building energy modeling. In other words, the simulation study does not
intend to claim a higher accuracy is achieved, until measured energy data is collected for
comparison. Additionally, the experimental approach is not limited to the case study rooms,
which can be expanded to other zones or new buildings. With the ABM–based scenario, the
simulation results showed a decreased tendency of energy use with the dynamic occupant
behavior input compared to default scenario. This can facilitate feasible energy conser-
vation measures through human–in–the–loop operations and management. In general,
exploration of the occupant dimension’s influence to building performance simulation will
create a human–centered built environment and improve informed decision–making that
could benefit all the stakeholders of a building.
The use of two sources of occupant behavior information that represents actual and
simulated worlds respectively, is a complementary solution to evaluate the occupants’
impact on building performance in a more comprehensive way. However, for future
buildings, the actual behavior data is unavailable. Even for existing buildings, a long–term
behavior record process may not be practical due to privacy issues. Hence, co-simulation
by integrating a BEM with a robust occupant behavior model is one of the most suitable
methods to address the issue. Among others, ABM has been demonstrated to have high
potential for this purpose. It is suggested that when available, actual behavior records
should be used to adjust and tune the ABM for different building types, season changes, or
occupant customs. The simulation setup in this paper offers a feasible way to contrast the
results from two different data sources in order to make further changes to the ABM.
This study has the following limitations. First, the scope of the simulation experiment
is restricted with regards to both simulation time period and space coverage of occupant
behavior data. Due to the occupants’ availability and privacy conditions, the actual
behavior data was only recorded for four weeks in the spring season. Also, only five
occupants were taken as samples for data collection. Therefore, to maintain the same level
of data input for all simulation scenarios, the simulation period is in compliance with the
data collection duration. Nevertheless, occupants may have different behavior patterns
among different seasons owing to climate and personal schedule changes. There could also
be different occupant behavior patterns in other building occupants such that the full range
of behaviors are not included in the study. The simulation results will be more holistic and
informative if the data collection span could be expanded. However, this limitation again
indicates that collecting actual occupant behavior data for building energy modeling is not
practical, especially for larger buildings. This indicates the necessity of developing robust
occupant behavior prediction models for integration with BEM. Second, the behavior record
was conducted manually, which can cause problems such as distractions to occupants and
data missing or errors. Although the data collection granularity was set to 15 min to reduce
the load and pressure for the occupants, there can be some missing data records over the
experiment duration. In the future, the paper–based survey sheets can be replaced by
smart sensors that are attached to monitored building components, for a more accurate
and non–intrusive data collection approach. Third, the co-simulation functions can be
improved as research progresses. Currently, the data exchange is performed at the zone–
level, which hinders the extensibility of the framework. Fortunately, the ABM applied in
this research is a library–based model and is able to create multiple instances to represent
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different behaviors. Accordingly, the co-simulation bridging program will also need
to create the same number of actors. This step is theoretically feasible but is pending
implementation. Last but not least, as mentioned in Section 4, the ABM itself is limited
to modeling assumptions. For example, the ABM considers environmental factors as
the main driver of occupant behaviors, while sometimes it may not obey that rule in
reality. This is part of the reasons why survey– and ABM–based scenarios have different
simulation results. Meanwhile, the output of the ABM is deterministic instead of stochastic,
which fails to reflect the uncertain nature of occupant behaviors. A possible solution is to
involve probabilistic models in the ABM rules and execute the model multiple times to
derive an “average” state of targeted building components. Furthermore, some derivative
research questions including the PMV value fluctuation discussed in Section 4 should also
be studied further.
6. Conclusions
Investigating occupants’ impact on building performance simulation can lead to a
better understanding of the user side of a building and thereby formulate corresponding
plans for building energy optimization and indoor environment comfort. This paper
presented a simulation experiment that compared results among three different scenarios
from the perspective of both the building and the occupants. The baseline building model,
or the default scenario of the experiment, is based on an existing three–story educational
building with all typical routines modeled. Two different data sources were then used as
supplementary input to the building energy model. An ABM–based occupant behavior
model was developed according to the actual conditions of the building. The model was
integrated with the BEM with a co-simulation framework bridged by a simulation coupling
program, BCVTB. Actual behavior data on the studied building components in five selected
offices in the building were collected as another source of input for the creation of a separate
scenario. Simulation results were analyzed to explore the impact of occupant behavior
on building performance at the zone and building levels. One of the important findings
is that ABM–based scenario generally simulated less amount of energy consumption at
the building level. This may be used to plan or encourage energy conservation measures
from the occupants’ aspect. Moreover, whether a behavior is conducted may not be only
influenced by thermal comfort of the occupant, therefore the interpretation of indoor
environment in building performance simulation should cover more extensive aspects.
The main objective of this paper is to propose a novel evaluation method for building
performance simulation to guide future research directions in this area. The future research
steps that the authors plan to explore include, but are not limited to, improvement of
ABM development principles, expanding and refining the co-simulation scope including
multi–occupancy situations and partial open or closed status of building components,
and testing the ABM platform with different building energy modeling programs beyond
EnergyPlus™ to improve the interoperability of the occupant behavior model.
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Appendix A. Detailed Setup in BCVTB Environment 
<?xml version="1.0" encoding="ISO-8859-1"?> 
<!DOCTYPE BCVTB-variables SYSTEM "variables.dtd"> 
<BCVTB-variables> 
  <!-- The next three elements send the schedule set points to E+ --> 
  <variable source="Ptolemy"> 
    <EnergyPlus schedule="Blinds-PMF"/> 
  </variable> 
  <variable source="Ptolemy"> 
    <EnergyPlus schedule="Door-PMF"/> 
  </variable> 
  <variable source="Ptolemy"> 
    <EnergyPlus schedule="Window-PMF"/> 
  </variable> 
  <!-- The next seven elements receive the environment and occupancy data from E+ --> 
  <variable source="EnergyPlus"> 
   <EnergyPlus name="03ThirdFloor:03VAVX53" type="Zone Air CO2 Concentration"/>   
  </variable> 
  <variable source="EnergyPlus"> 
   <EnergyPlus name="03ThirdFloor:03VAVX53" type="Zone Air Relative Humidity"/> 
  </variable> 
  <variable source="EnergyPlus"> 
    <EnergyPlus name="ENVIRONMENT" type="Site Outdoor Air Relative Humidity"/>   
  </variable> 
  <variable source="EnergyPlus"> 
    <EnergyPlus name="03THIRDFLOOR:03VAVX53_WALL_8_0_0_0_0_0_WIN" type="Surface 
Outside Face Incident Solar Radiation Rate per Area"/> 
  </variable> 
  <variable source="EnergyPlus"> 
    <EnergyPlus name="RinkerHall_OccupancySchedule" type="Schedule Value"/> 
  </variable> 
  <variable source="EnergyPlus"> 
    <EnergyPlus name="03ThirdFloor:03VAVX53" type="Zone Mean Air Temperature"/> 
  </variable> 
  <variable source="EnergyPlus"> 
    <EnergyPlus name="ENVIRONMENT" type="Site Outdoor Air Drybulb Temperature"/> 
  </variable> 
</BCVTB-variables>  
Figure A1. XML code of variable settings for data exchange. Figure A1. XML code of variable settings for data exchange.
Buildings 2021, 11, 32 21 of 22Buildings 2021, 11, x FOR PEER REVIEW 22 of 23 
 
 
Figure A2. Logical connection for the two simulators in BCVTB graphical interface for co-simulation execution. 
References 
1. Energy Information Administration (EIA). Annual Energy Outlook 2015. Available online: https://www.eia.gov/out-
looks/aeo/pdf/0383(2015).pdf (accessed on 12 November 2018). 
2. CIA World Factbook. United States: Energy (2019). Available online: https://www.cia.gov/library/publications/the-world-
factbook/geos/us.html (accessed on 15 June 2018). 
3. Hensen, J.L.; Lamberts, R. (Eds.). Building Performance Simulation for Design and Operation. Routledge, Abingdon, England: 2012. 
4. Yu, Z.; Fung, B.C.; Haghighat, F.; Yoshino, H.; Morofsky, E. A systematic procedure to study the influence of occupant behavior 
on building energy consumption. Energy Build. 2011, 43, 1409–1417. 
5. Yan, D.; O’Brien, W.; Hong, T.; Feng, X.; Burak Gunay, H.; Tahmasebi, F.; Mahdavi, A. Occupant behavior modeling for building 
performance simulation: Current state and future challenges. Energy Build. 2015, 107, 264–278. 
6. Gaetani, I.; Hoes, P.J.; Hensen, J.L. Occupant behavior in building energy simulation: Towards a fit-for-purpose modeling strat-
egy. Energy Build. 2016, 121, 188–204. 
7. ANSI/ASHRAE Standard 55-2013. Thermal Environmental Conditions for Human Occupancy; ISSN: Atlanta, GA, USA, 2016; pp. 
1041–2336. 
8. De Wilde, P. The gap between predicted and measured energy performance of buildings: A framework for investigation. Autom. 
Constr. 2014, 41, 40–49. 
9. Eguaras-Martínez, M.; Vidaurre-Arbizu, M.; Martín-Gómez, C. Simulation and evaluation of building information modeling in 
a real pilot site. Appl. Energy 2014, 114, 475–484. 
10. Hong, T.; Taylor-Lange, S.C.; D’Oca, S.; Yan, D.; Corgnati, S.P. Advances in research and applications of energy-related occu-
pant behavior in buildings. Energy Build. 2016, 116, 694–702. 
11. Hong, T.; Chen, Y.; Belafi, Z.; D’Oca, S. Occupant behavior models: A critical review of implementation and representation 
approaches in building performance simulation programs. In Building Simulation; Tsinghua University Press, Beijing, China: 
2018; Volume 11, pp. 1–14. 
12. Lam, K.P.; Höynck, M.; Dong, B.; Andrews, B.; Chiou, Y.S.; Zhang, R.; Benitez, D.; Choi, J. Occupancy detection through an 
extensive environmental sensor network in an open-plan office building. IBPSA Build. Simul. 2009, 145, 1452–1459. 
13. Nasir, N.; Palani, K.; Chugh, A.; Prakash, V.C.; Arote, U.; Krishnan, A.P.; Ramamritham, K. Fusing sensors for occupancy sens-
ing in smart buildings. In International Conference on Distributed Computing and Internet Technology; Springer: Cham, Switzerland, 
2015; pp. 73–92. 
14. Yang, Z.; Li, N.; Becerik-Gerber, B.; Orosz, M. A systematic approach to occupancy modeling in ambient sensor-rich buildings. 
Simulation 2014, 90, 960–977. 
15. Jia, M.; Srinivasan, R.S.; Raheem, A.A. From occupancy to occupant behavior: An analytical survey of data acquisition technol-
ogies, modeling methodologies and simulation coupling mechanisms for building energy efficiency. Renew. Sustain. Energy Rev. 
2017, 68, 525–540. 
16. Masoso, O.T.; Grobler, L.J. The dark side of occupants’ behaviour on building energy use. Energy Build. 2010, 42, 173–177. 
17. Zhao, J.; Lasternas, B.; Lam, K.P.; Yun, R.; Loftness, V. Occupant behavior and schedule modeling for building energy simulation 
through office appliance power consumption data mining. Energy Build. 2014, 82, 341–355. 
18. Gunay, H.B.; O’Brien, W.; Beausoleil-Morrison, I. Implementation and comparison of existing occupant behaviour models in 
EnergyPlus. J. Build. Perform. Simul. 2016, 9, 567–588. 
Figure A2. Logical connection for the two simulators in BCVTB graphical interface for co-simulation execution.
References
1. Energy Information Administration (EIA). Annual Energy Outlook 2015. Available online: https://www.eia.gov/outlooks/aeo/
pdf/0383(2015).pdf (accessed on 12 November 2018).
2. CIA World Factbook. United States: Energy (2019). Available online: https://www.cia.gov/library/publications/the-world-
factbook/geos/us.html (accessed on 15 June 2018).
3. Hensen, J.L.; Lamberts, R. (Eds.) Building Performance Simulation for Design and Operation; Routledge: Abingdon, UK, 2012.
4. Yu, Z.; Fung, B.C.; Haghighat, F.; Yoshino, H.; Morofsky, E. A systematic procedure to study the influence of occupant behavior
on building energy consumption. Energy Build. 2011, 43, 1409–1417. [CrossRef]
5. Yan, D.; O’Brien, W.; Hong, T.; Fe g, X.; rak Gunay, H.; Tahmasebi, F.; Mahdavi, A. Occupant behavior modeling for building
performance simulation: Current state and future challenges. Energy Build. 2015, 107, 264–278. [CrossRef]
6. Gaetani, I.; Hoes, P.J.; Hensen, J.L. Occupant behavior in building energy simulation: Towards a fit-for-purpose modeling strategy.
Energy Build. 2016, 121, 188–204. [CrossRef]
7. ANSI/ASHRAE Standard 55-2013. Thermal Environmental Conditions for Human Occupancy; ISSN: Atlanta, GA, USA, 2016; pp. 1041–2336.
8. De Wilde, P. The gap between predicted and measured energy performance of buildings: A framework for investigation. Autom.
Constr. 2014, 41, 40–49. [CrossRef]
9. Eguaras-Martínez, M.; Vidaurre-Arbizu, M.; Martín-Gómez, C. Simulation and evaluation of building information modeling in a
real pilot site. Appl. Energy 2014, 114, 475–484. [CrossRef]
10. Hong, T.; Taylor-Lange, S.C.; D’Oca, S.; Yan, D.; Corgnati, S.P. Advances in research and applications of energy-related occupant
behavior i buildings. Ene gy Build. 2016, 116, 694–702. [CrossRef]
11. Hong, T.; Chen, Y.; Belafi, Z.; D’Oca, S. Occupant behavior models: A critical review of implementation and representation
approaches in building performance simulation programs. In Building Simulation; Tsinghua University Press: Beijing, China, 2018;
Volume 11, pp. 1–14.
12. Lam, K.P.; Höynck, M.; Dong, B.; Andrews, B.; Chiou, Y.S.; Zhang, R.; Benitez, D.; Choi, J. Occupancy detection through an
extensive environmental sensor network in an open-plan office building. IBPSA Build. Simul. 2009, 145, 1452–1459.
13. Nasir, N.; Palani, K.; Chugh, A.; Prakash, V.C.; Arote, U.; Krishnan, A.P.; Ramamritham, K. Fusing sensors for occupancy sensing
in smart buildings. In International Conference on Distributed Computing and Internet Technology; Springer: Cham, Switzerland, 2015;
pp. 73–92.
14. Yang, Z.; Li, N.; Becerik-Gerber, B.; Orosz, M. A systematic approach to occupancy modeling in ambient sensor-rich buildings.
Simulation 2014, 90, 960–977. [CrossRef]
15. Jia, M.; Srinivasan, R.S.; Raheem, A.A. From o cupancy to occupant behavior: An analy ical survey of data acquisition technolo-
gies, modeling methodologies and simulation coupling mechanisms for building energy efficiency. Renew. Sustain. Energy Rev.
2017, 68, 525–540. [CrossRef]
16. Masoso, O.T.; Grobler, L.J. The dark side of occupants’ behaviour on building energy use. Energy Build. 2010, 42, 173–177. [CrossRef]
17. Zhao, J.; Lasternas, B.; Lam, K.P.; Yun, R.; Loftness, V. Occupant behavior and schedule modeling for building energy simulation
through office appliance power consumption data mining. Energy Build. 2014, 82, 341–355. [CrossRef]
Buildings 2021, 11, 32 22 of 22
18. Gunay, H.B.; O’Brien, W.; Beausoleil-Morrison, I. Implementation and comparison of existing occupant behaviour models in
EnergyPlus. J. Build. Perform. Simul. 2016, 9, 567–588. [CrossRef]
19. EnergyPlus. U.S. Department of Energy. Available online: https://www.energy.gov/eere/buildings/downloads/energyplus-0
(accessed on 16 January 2021).
20. Langevin, J.; Wen, J.; Gurian, P.L. Quantifying the human–building interaction: Considering the active, adaptive occupant in
building performance simulation. Energy Build. 2016, 117, 372–386. [CrossRef]
21. Jia, M.; Srinivasan, R.; Ries, R.; Weyer, N.; Bharathy, G. A systematic development and validation approach to a novel agent-based
modeling of occupant behaviors in commercial buildings. Energy Build. 2019, 199, 352–367. [CrossRef]
22. Jia, M.; Srinivasan, R. Building Performance Evaluation Using Coupled Simulation of EnergyPlus™ and an Occupant Behavior
Model. Sustainability 2020, 12, 4086. [CrossRef]
23. Daniel, L.; Soebarto, V.; Williamson, T. House energy rating schemes and low energy dwellings: The impact of occupant
behaviours in Australia. Energy Build. 2015, 88, 34–44. [CrossRef]
24. Duan, Y.F.; Dong, B. The impact of occupancy behavior on energy consumption in low income residential buildings. In 3rd
International High Performance Building Conference at Purdue; Purdue University Press: West Lafayette, IN, USA, 2014.
25. Haldi, F.; Robinson, D. The impact of occupants’ behaviour on building energy demand. J. Build. Perform. Simul. 2011, 4, 323–338.
[CrossRef]
26. Chapman, J.; Siebers, P.O.; Robinson, D. On the multi-agent stochastic simulation of occupants in buildings. J. Build. Perform.
Simul. 2018, 11, 604–621. [CrossRef]
27. Sun, K.; Hong, T. A framework for quantifying the impact of occupant behavior on energy savings of energy conservation
measures. Energy Build. 2017, 146, 383–396. [CrossRef]
28. Peng, C.; Yan, D.; Wu, R.; Wang, C.; Zhou, X.; Jiang, Y. Quantitative description and simulation of human behavior in residential
buildings. In Building Simulation; Tsinghua Press: Beijing, China, 2012; Volume 5, pp. 85–94.
29. Azar, E.; Menassa, C.C. Agent-based modeling of occupants and their impact on energy use in commercial buildings. J. Comput.
Civ. Eng. 2011, 26, 506–518. [CrossRef]
30. Wang, L.; Greenberg, S. Window operation and impacts on building energy consumption. Energy Build. 2015, 92, 313–321. [CrossRef]
31. Gilani, S.; O’Brien, W.; Gunay, H.B.; Carrizo, J.S. Use of dynamic occupant behavior models in the building design and code
compliance processes. Energy Build. 2016, 117, 260–271. [CrossRef]
32. D’Oca, S.; Fabi, V.; Corgnati, S.P.; Andersen, R.K. Effect of thermostat and window opening occupant behavior models on energy
use in homes. In Building Simulation; Tsinghua University Press: Beijing, China, 2014; Volume 7, pp. 683–694.
33. Lee, Y.S.; Malkawi, A.M. Simulating multiple occupant behaviors in buildings: An agent-based modeling approach. Energy Build.
2014, 69, 407–416. [CrossRef]
34. Hong, T.; Sun, H.; Chen, Y.; Taylor-Lange, S.C.; Yan, D. An occupant behavior modeling tool for co-simulation. Energy Build. 2016,
117, 272–281. [CrossRef]
35. Chen, Y.; Liang, X.; Hong, T.; Luo, X. Simulation and visualization of energy-related occupant behavior in office buildings. Build.
Simul. 2017, 10, 785–798. [CrossRef]
36. Andrews, C.J.; Allacci, M.S.; Senick, J.; Putra, H.C.; Tsoulou, I. Using synthetic population data for prospective modeling of
occupant behavior during design. Energy Build. 2016, 126, 415–423. [CrossRef]
37. Blight, T.S.; Coley, D.A. Sensitivity analysis of the effect of occupant behaviour on the energy consumption of passive house
dwellings. Energy Build. 2013, 66, 183–192. [CrossRef]
38. Bharathy, G.K.; Silverman, B. Holistically evaluating agent-based social systems models: A case study. Simulation 2013, 89,
102–135. [CrossRef]
39. Fabi, V.; Andersen, R.V.; Corgnati, S.; Olesen, B.W. Occupants’ window opening behaviour: A literature review of factors
influencing occupant behaviour and models. Build. Environ. 2012, 58, 188–198. [CrossRef]
40. Gunay, H.B.; O’Brien, W.; Beausoleil-Morrison, I. A critical review of observation studies, modeling, and simulation of adaptive
occupant behaviors in offices. Build. Environ. 2013, 70, 31–47. [CrossRef]
41. Lawrence Berkeley National Laboratory (LBNL). Building Controls Virtual Test Bed. 2016. Available online: https://simulationresearch.
lbl.gov/bcvtb/FrontPage (accessed on 13 November 2018).
42. Wetter, M. Building Controls Virtual Test Bed. 2016. Available online: https://simulationresearch.lbl.gov/bcvtb/releases/latest/doc/
manual/index.xhtml (accessed on 14 November 2018).
43. White Box Technologies. Weather Data for Energy Calculations. Available online: Weather.whiteboxtechnologies.com (accessed
on 14 November 2018).
44. EnergyPlus Documentation. Input Output Reference The Encyclopedic Reference to EnergyPlus Input and Output. 2015. Available
online: https://energyplus.net/sites/default/files/pdfs/pdfs_v8.3.0/InputOutputReference.pdf (accessed on 17 June 2019).
45. Fanger, P.O. Thermal Comfort: Analysis and Applications in Environmental Engineering; McGraw-Hill: New York, NY, USA, 1972. Avail-
able online: https://books.google.com/books/about/Thermal_comfort_analysis_and_application.html?id=mUFSAAAAMAAJ
(accessed on 13 November 2018).
